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Abstract

High dimensionality of the feature space is one of the most important concerns in
text classification problems due to processing time and accuracy considerations:
Selection of distinctive features is therefore essential for text classification. This study
proposes a novel filter based probabilistic feature selection method, namely
distinguishing feature selector (DFS), for text classification. The proposed method is
compared with well-known filter approaches including chi square, information gain, Gini
index and deviation from Poisson distribution. The comparison is carried out for
different datasets, classification algorithms, and success measures. Experimental results
explicitly indicate that DFS offers a competitive performance with respect to the
abovementioned approaches in terms of classification accuracy, dimension reduction

rate and processing time.
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1. Introduction

With rapid advance of internet technologies, the amount of electronic
documents has drastically increased worldwide. As a consequence, text classification,
which is also known as text categorization, has gained importance in hierarchical
organization of these documents. The fundamental goal of the text classification is to
classify texts of interest into appropriate classes (Gunal, 2011; Yu, et al., 2008; Zhang, et
al., 2008). Typical text classification framework consists of a feature extraction
mechanism that extracts numerical information from raw text documents, and a classifier
that carries out the classification process using a prior knowledge of labeled data. Text
classification has been successfully deployed to various domains such as topic detection
(Bracewell, et al., 2009; Zeng & Zhang, 2007), spam e-mail filtering (Gunal, et al., 2006;
Guzella & Caminhas, 2009; Yu & Xu, 2008), author identification (Cheng, et al., 2011;
Efstathios, 2008), and web page classification (Anagnostopoulos, et al., 2004; Chen &
Hsieh, 2006; Ozel, 2011).

Majority of text classification studies utilizes bag-of-words technique
(Joachims, 1997) to represent a document such that the order of terms within the
document is ignored but frequencies of the terms are considered. Each distinct term in a
document collection therefore constitutes an individual feature. Hence, a document is
represented by a multi-dimensional feature vector where each dimension corresponds to a
weighted value (i.e., TF-IDF (Manning, et al., 2008)) of the regarding term within the
document collection. Since the features are originated from distinct terms, even moderate
numbers of documents in a text collection would result in hundreds or even thousands of

features. One of the most important issues in text classification is therefore dealing with



high dimensionality of the feature space. Excessive numbers of features not only increase
computational time but also degrade classification accuracy. As a consequence, feature
selection plays a critical role in text classification problems to speed up the computation
as well as to improve the accuracy.

Feature selection techniques broadly fall into three categories: filters, wrappers,
and embedded methods. Filters assess feature relevancies using various scoring
frameworks that are independent from a learning model, or classifier, and select top-N
features attaining the highest scores (Guyon & Elisseeff, 2003). Filter techniques are
computationally fast; however, they usually do not take feature dependencies into
consideration. On the other hand, wrappers evaluate features using a specific learning
model and search algorithm (Gunal, et al., 2009; Kohavi & John, 1997). Wrapper
techniques consider feature dependencies, provide interaction between feature subset
search and choice of the learning model, but are computationally expensive with respect
to the filters. Embedded methods integrate feature selection into classifier training phase;
therefore, these methods are specific to the utilized learning model just like the wrappers.
Nevertheless, they are computationally less intensive than the wrappers (Guyon &
Elisseeff, 2003; Saeys, et al., 2007).

In text classification studies, though there are some hybrid approaches
combining the filters and wrappers (Gunal, 2011; Uguz, 2011), commonly preferred
feature selection methods are the filters thanks to their relatively low processing time.
Term strength (Yang, 1995), odds ratio (Mladenic & Grobelnik, 2003), document
frequency (Yang & Pedersen, 1997), mutual information (Liu, et al., 2009), chi-square

(Chen & Chen, 2011), information gain (Lee & Lee, 2006), improved Gini index (Shang,



et al., 2007), measure of deviation from Poisson distribution (Ogura, et al., 2009),
minimum class difference (Chen & Lu, 2006), a support vector machine based feature
selection algorithm (Wu, et al., 2007), ambiguity measure (Mengle & Goharian, 2009),
class discriminating measure (Chen, et al., 2009) and binomial hypothesis testing (Yang,
etal., 2011) are just some examples to the filter methods. Combinations of the features,
which are selected by different filter methods, are also considered, and their contributions
to the classification accuracy under varying conditions are investigated in (Gunal, 2011).

In spite of numerous approaches in the literature, feature selection is still an
ongoing research topic. Researchers are still looking for new techniques to select
distinctive features so that the classification accuracy can be improved and the processing
time can be reduced as well. For that purpose, this paper proposes a novel filter based
probabilistic feature selection method, namely distinguishing feature selector (DFS),
particularly for text classification. DFS selects distinctive features while eliminating
uninformative ones considering certain requirements on term characteristics. DFS is
compared with successful filter approaches including chi square, information gain, Gini
index and deviation from Poisson distribution. The comparison was carried out for
different classification algorithms, datasets, and success measures with distinct
characteristics so that effectiveness of DFS can be observed under different conditions.
Results of the experimental analysis revealed that DFS offers a competitive performance
with respect to the abovementioned approaches in terms of classification accuracy,
dimension reduction rate, and processing time.

Rest of the paper is organized as follows: feature selection approaches that are

compared with DFS are briefly described in Section 2. Section 3 introduces DFS method.



Section 4 explains the classifiers used in the experiments. Section 5 presents the
experimental study and results, which are related to similarity, accuracy, dimension
reduction rate, and timing analysis, for each dataset, classifier, and success measure.

Finally, some concluding remarks are given in Section 6.

2. Existing Featur e Selection Methods

As it is pointed out in previous section, there is a mass amount of filter based
techniques for the selection of distinctive features in text classification. Among all those
techniques, chi square, information gain, Gini index, and deviation from Poisson
distribution have been proven to be much more effective (Ogura, et al., 2009; Shang, et
al., 2007; Yang & Pedersen, 1997). Therefore, efficacy of DFS was assessed against
these four successful approaches. Mathematical backgrounds of these approaches are

provided in the following subsections.

2.1. Chi-square (CHI2)

One of the most popular feature selection approaches is CHI2. In statistics, the
CHI2 test is used to examine independence of two events. The events, X and Y, are
assumed to be independent if

p(XY)=p(X)p(Y). (D
In text feature selection, these two events correspond to occurrence of particular term and

class, respectively. CHI2 information can be computed using
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where N is the observed frequency and E is the expected frequency for each state of
term ¢ and class C (Manning, et al., 2008). CHI2 is a measure of how much expected
counts £ and observed counts N deviate from each other. A high value of CHI2 indicates
that the hypothesis of independence is not correct. If the two events are dependent, then
the occurrence of the term makes the occurrence of the class more likely. Consequently,
the regarding term is relevant as a feature. CHI2 score of a term is calculated for
individual classes. This score can be globalized over all classes in two ways. The first
way is to compute the weighted average score for all classes while the second way is to
choose the maximum score among all classes. In this paper, the former approach is

preferred to globalize CHI2 value for all classes as in

CHI2(t) = f P(C,).CHI2(1,C,), (3)

i=1
where P(C))is the class probability.and CHI2(t,C,) is the class specific CHI2 score of

term ¢.

2.2. Information Gain (1G)

IG measures how much information the presence or absence of a term contributes
to make the correct classification decision on any class (Forman, 2003). IG reaches its
maximum value if a term is an ideal indicator for class association, that is, if the term is
present in a document if and only if the document belongs to the respective class. IG for

term ¢ can be obtained using

16() ==Y P(C)log P(C)+ P()Y. P(C, | Dlog P(C, |1+ POYY. P(C, | ) og P(C, |, (4)



where M is the number of classes, P(C,) is the probability of class C;, P(t)and P(f)are
the probabilities of presence and absence of term ¢, P(C, |¢) and P(C,|7) are the

conditional probabilities of class C; given presence and absence of term ¢, respectively.

2.3. Gini Index (GI)

GI is another feature selection method which is an improved version of the method
originally used to find the best split of attributes in decision trees (Shang; et al., 2007). It
has simpler computation than the other methods in general (Ogura; et al., 2009). Its

formulation is given as

GI()= Y, P(t|C)'P(Ci| 1) (5)

i=l
where P(z|C,) is the probability of term # given presence of class C;, P(C, |¢)is the

probability of class C; given presence of term ¢, respectively.

2.4. Deviation from Poisson Distribution (DP)

DP is derived from Poisson distribution which is also applied to information
retrieval for selecting effective query words and this metric is adapted to feature selection
problem to construct a new metric (Ogura, et al., 2009). The degree of deviation from the
Poisson distribution is used as a measure of effectiveness. If a feature fits into Poisson
distribution, the result of this metric would be smaller and this indicates that the feature is
independent from the given class. Conversely, the feature would be more discriminative

if the result of the metric is greater. This method can be formulated as
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a=n(C){l-exp(-A)}
b =n(C)exp(-A) (6)
¢=n(C){l—exp(-A)}

d =n(C)exp(-1)
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N

where I is the total frequency of term ¢ in all documents, N is the number of documents
in the training set, n(C)and n(C) are the numbers of documents belonging to class C and

not belonging to class C, A is the expected frequency of the term 7 in a document,
respectively. The quantities a and b represents the number of documents containing and
not containing term ¢ in documents of class C. While the quantity c represents the number
of documents containing term # and not belonging to class C, the quantity d represents the

number of documents with absence of term ¢ and class C at the same time. Furthermore,

the quantities d,b,¢,d are predicted values for a,b,c,d respectively. In order to globalize

class specific scores over the entire collection, the weighted average scoring (Ogura, et

al.; 2009) 1s used as given below.

DP(t) = i P(C)).DP(1,C,). (7)

i=1

3. Distinguishing Featur e Selector



An ideal filter based feature selection method should assign high scores to
distinctive features while assigning lower scores to irrelevant ones. In case of text
classification, each distinct term corresponds to a feature. Then, ranking of terms should
be carried out considering the following requirements:

1. A term, which frequently occurs in a single class and does not occur in the other
classes, is distinctive; therefore, it must be assigned a high score.

2. A term, which rarely occurs in a single class and does not occur in the other classes,
is irrelevant; therefore, it must be assigned a low score.

3. A term, which frequently occurs in all classes, is irrelevant; therefore, it must be
assigned a low score.

4. A term, which occurs in some of the classes, is relatively distinctive; therefore, it
must be assigned a relatively high score.
Based on the first and second requirements, an initial scoring framework is

constituted as

Z P(Ci |t) (8)

=PI |C)+1’
where M is the number of classes, P(C, |¢) is the conditional probability of class C;
given presence of term tand P(7 | C,) is the conditional probability of absence of term t

given class C;, respectively. It is obvious from this formulation that a term occurring in
all documents of a class and not occurring in the other classes will be assigned 1.0 as the
top score. Moreover, features rarely occurring in a single class while not occurring in the

other classes would get lower scores. However, this formulation does not satisfy the third
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requirement because the features occurring in every document of all classes are invalidly

assigned 1.0 as well. In order to resolve this issue, the formulation is extended to

DFS()=Y PG 1D )

S P(T|C)+P|C)+1
where P(¢|C,) is the conditional probability of term  given the classes other than
C:. Since addition of P(¢|C,) to the denominator decreases scores of the terms occurring

in all classes, the third requirement is also satisfied. Considering the entire formulation,
the fourth and last requirement is satisfied as well. The formulation provides global
discriminatory powers of the features over the entire text collection rather than class
specific scores. It is obvious from this scoring scheme that DFS assigns scores to the
features between 0.5and 1.0 according to their significance. In other words, the most
discriminative terms have an importance score that is close to 1.0 while the least
discriminative terms are assigned an importance score that converges to 0.5. Once the
discriminatory powers of all terms in a given collection are attained, top-N terms can be
selected just as in the case of the other filter techniques.

A sample collection is provided in Table 1 to illustrate how DFS works.
Tablelishere

DFS('cat") = (276) + (2/6) + (276) =0.5000
0/2+4/4+1) (0/2+4/4+1) (0/2+4/4+1)

DFS('dog") = {/2) + 1/2) + ©72) =0.5714
A/2+1/4+1) (1/2+1/4+1) (2/2+2/4+))

(0/3) N (2/3) N (1/3) _

(2/2+3/4+1) (0/2+1/4+1) (1/2+2/4+1)

DFS('mouse') = 7000
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=1.0000
(2/2+2/4+1) (2/2+42/441) (0/240/4+1)

DFS( fish'") =

In this sample scenario, maximum score is assigned to ‘fish’ that occurs in all
documents of just a single class, namely C3. The successor is determined as ‘mouse’ due
to its occurrence in all documents of class C2 and just a single document of C3. The term
‘dog’ is selected as the third informative feature since it appears once in both class C1
and C2 out of three classes. Finally, the least significant term is determined as ‘cat’ due to
its occurrence in all documents of all three classes. Here, ‘fish’ and ‘cat’ represent two
extreme cases in terms of discrimination. While ‘fish’ is present in all documents of just a
single class, ‘cat’ is present in all documents of the collection. Therefore, ‘fish’ is
assigned an importance score of 1.0, which is the highest possible DFS score, whereas
‘cat’ is assigned an importance score of 0.5, which is the lowest possible DFS score. In
summary, DFS sensibly orders the terms based on their contributions to class
discrimination as ‘fish’, ‘mouse’, ‘dog’, and ‘cat’.

The sample collection and the related results are provided to show briefly how DFS
method works. Actual performance of DFS on various benchmark datasets with distinct

characteristics is thoroughly assessed in the experimental work.

4. Classification Algorithms

Since DFS is a filter based technique, it does not depend on the learning model.
Therefore, three different classification algorithms were employed to investigate
contributions of the selected features to the classification accuracy. The first classifier is

Decision Tree (DT), which is a nonlinear classifier (Theodoridis & Koutroumbas, 2008) .
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The second one is linear support vector machine (SVM) classifier (Joachims, 1998). The
third and last classifier is a neural network (NN) classifier (Bishop, 2006). All those
classification methods have been commonly used for text classification research in the
literature and proven to be significantly successful (Drucker, et al., 1999; Gunal, 2011;

Johnson, et al., 2002; Kumar & Gopal, 2010; Yu & Zhu, 2009).

4.1. DT Classifier

Decision, or classification, trees are multistage decision systems in which classes
are consecutively rejected until an accepted class is reached (Theodoridis &
Koutroumbas, 2008). For this purpose, feature space is split into unique regions
corresponding to the classes. The most commonly used type of decision trees is binary
classification tree that splits the feature space into two parts sequentially by comparing
feature values with a specific threshold. Thus, an unknown feature vector is assigned to a
class via a sequence of Yes/No decisions along a path of nodes of a decision tree. One
has to consider splitting criterion, stop-splitting rule, and class assignment rule in design
of a classification tree.

The fundamental aim of splitting feature space is to generate subsets that are more
class homogeneous compared to former subsets. In other words, the splitting criterion at
any node is to obtain the split providing the highest decrease in node impurity. Entropy is

one of the widely used information to define impurity, and can be computed as

1(6)=-3 P(C, |)log, P(C, |1). (10)

i=1
where P(C,|?) denotes the probability that a vector in the subset X, associated with a

node ¢, belongs to class C,i=1, 2,...,M. Assume now that performing a split, Nyy points
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are sent into “Yes” node (Xyy ) and Ny into “No” node (X ). The decrease in node
impurity is then defined as

A0 = 10 =22 Lty) =211, ()

t t

where I(tygs ), I(tno ) are the impurities of the tygs and txo nodes, respectively. If the
highest decrease in node impurity is less than a certain threshold or a single class is
obtained following a split, then splitting process is stopped. Once a node is. declared to be
terminal or leaf, then a class assignment is made. A commonly used assignment method
is the majority rule that assigns a leaf to a class to which the majority of the vectors in the

corresponding subset belong.

4.2. SVM Classifier

SVM is one of the most effective classification algorithms in the literature. SVM
algorithm has both linear and nonlinear versions. In this study, linear version of SVM is
employed. The essential point of SVM classifier is the notion of the margin (Joachims,
1998; Theodoridis & Koutroumbas, 2008). Classifiers utilize hyperplanes to separate
classes. Every hyperplane is characterized by its direction (w) and its exact position in

space (w, ). Thus, a linear classifier can be simply defined as

wx+w,=0. (12)

Then, the region between the hyperplanes w'x+w, =1 and w'x+w, =—1, which

separates two classes, is called as the margin. Width of the margin is equal to2/|u{.
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Achieving the maximum possible margin is the underlying idea of SVM algorithm.

Maximization of the margin requires minimization of
Ly 2 -
Ton )= Ll + K Y (13)
i=1

which is subject to

T .
wx +w,2l1-¢, if xec
T .
wx +w,<-l+¢, if xec, (14)

£ 20.

In (13), K is a user defined constant, and & is the margin error. Margin error occurs
if data belonging to one class is on the wrong side of the hyperplane. Minimizing the cost
is therefore a trade-off issue between a large margin and a small number of margin errors.

Solution of this optimization problem is obtained as
N
w=Y Ay, (15)
i=1

which is the weighted average of the training features. Here, A; is a Lagrange multiplier of
the optimization task, and y; is a class label. Values of A’s are nonzero for all the points
lying inside the margin and on the correct side of the classifier. These points are known
as support vectors, and the resulting classifier as the support vector machine.

In case of multi-class classification problems, one of two common approaches,
namely one-against-all and one-against-one, can be preferred to adopt two-class

classification to multi-class case (Hsu & Lin, 2002).

4.3. NN Classifier

15



One of the widely used application fields of neural networks are pattern recognition
problems (Fausett, 1994). While some neural networks such as perceptron is known to be
successful for linear classification problems, multi-layer neural networks can solve both
linear and non-linear classification problems. A neural network consists of neurons which
are very simple processing elements and connected to each other with weighted links.
Multi-layer neural networks consist of input, output and hidden layer(s). While one
hidden layer is sufficient for many cases, using two hidden layers may increase
performance in some situations (Fausett, 1994). A simple multi-layer feed-forward neural
network is shown in Fig. 1, where n represents the dimension of input vector and m

represents the number of outputs.

Fig. lishere

Back-propagation is one of the most popular training methods for multi-layer feed
forward neural networks. Training with back-propagation has three stages given as
below:

1. The feed-forward of input training pattern

ii. The back-propagation of error

il The adjustment of weights
For the first stage, the net inputs to neurons need to be calculated and some summation
and multiplication operations are performed as shown in (16). This formula simulates the

calculation of the net input for neuron; in Fig. 1.

Yy _neuron, = v, X, +V, X, (16)
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After calculation of the net inputs, transfer functions are used to compute each
neurons output from the net inputs. Some examples of the transfer functions are linear,
logarithmic sigmoid and tangent sigmoid transfer functions. There exist many variants of
back-propagation training such as Levenberg-Marquardt, gradient descent and gradient
descent with momentum and adaptive learning rate. Following the first stage, the second
and third stages are carried out respectively. These operations are repeated until a
predefined stopping criterion is achieved. The stopping criteria can be minimum error
goal and/or maximum iteration count. The first stage consisting of straightforward
calculations is repeated in order to execute the testing phase of neural network.

For this paper, the parameters of the neural network are given as follows: Gradient
descent with momentum and adaptive learning rate back-propagation algorithm was
selected for learning. A neural network with two hidden layers having 20 neurons in each
layer was employed. Transfer functions were tangent sigmoid for the hidden layers, and
linear for the output layer. The minimum error goal was set as 0.01, and the maximum
iteration was determined as 1000 epoch. In the experimental work, all the reported results

belonging to NN classifier are average of five runs.

5. Experimental Work

In this section, an in-depth investigation is carried out to compare DFS against the
abovementioned feature selection methods in terms of feature similarity, classification
accuracy, dimension reduction rate, and processing time. For this purpose, four different
datasets with varying characteristics and two different success measures were utilized to

observe effectiveness of DFS method under different circumstances. In the following
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subsections, the utilized datasets and success measures are described briefly. Then,
similarity, accuracy, dimension reduction, and timing analysis are presented. It should
also be noted that stop-word removal and stemming (Porter, 1980) were carried out as the

two pre-processing steps.

5.1. Datasets

Characteristic of the dataset is one of the most important factors to assess efficiency
of a feature selection method. Consequently, in this study, four distinct datasets with
varying characteristics were used for the assessment. The first dataset consists of the top-
10 classes of the celebrated Reuters-21578 ModApte split (Asuncion & Newman, 2007).
The second dataset contains ten classes of another popular text collection, namely 20
Newsgroups (Asuncion & Newman, 2007). The third dataset is a short message service
(SMS) message collection introduced in (Almeida, et al., 2011). The final dataset is a
spam e-mail collection, namely Enronl, which is one of the six datasets used in (Metsis,
et al., 2006).The detailed information regarding those datasets is provided in Table 2-5. It
is obvious from these tables that Reuters, SMS and Enronl datasets are imbalanced, that
is, numbers of documents in each class are quite different. On the contrary, Newsgroups
dataset is a balanced one with equal number of documents per class. Furthermore,
Reuters and Newsgroups datasets are multi-class whereas SMS and Enronl are good

examples to the binary class datasets.

Table2ishere

Table3ishere
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Table4ishere
Table5ishere
5.2. Success Measures

The two success measures employed in this study are well known F1 measures,
namely Macro-F1 and Micro-F1 (Gunal, 2011; Manning, et al., 2008).

In macro-averaging, F-measure is computed for each class within the dataset and
then the average over all classes is obtained. In this way, equal weight is assigned to each
class regardless of the class frequency. Computation of Macro-F1 can be formulated as

c
Z g _ 2X P X1y

MacroF1=*1__, F, =—"=t—&, (17)
C p,+r,

where pair of (p,,7,) corresponds to precision and recall values of class &, respectively.

On the other hand, in micro-averaging, F-measure is computed globally without
class discrimination. Hence, all classification decisions in the entire dataset are
considered. In case that the classes in a collection are biased, large classes would
dominate small ones in micro-averaging. Computation of Micro-F1 can be formulated as

MicroF1 = 252X (18)
p+l"

where pair of (p, r) corresponds to precision and recall values, respectively, over all the

classification decisions within the entire dataset not individual classes.

5.3. Term Similarity Analysis

Profile of the features that are selected by a feature selection method is one of the

good indicators to effectiveness of that method. If distinctive features are assigned high
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scores by a feature selection method, the classification accuracy obtained by those
features will most likely be higher. On the contrary, if irrelevant features are assigned
high scores by a feature selection method, the accuracy obtained by those features would
be degraded. For this purpose, similarities and dissimilarities of the features that are
selected by DFS were first compared against the other selection techniques. Initially, top-
10 terms selected by each method are presented in Table 6. The terms that are specific to
an individual selection method are indicated in bold. One can note from the table that
DFS selects similar as well as dissimilar terms in each dataset with respect to the other
methods. As an example, in Reuters dataset, nine out of ten terms selected by DFS were
also selected by the other methods. However, the remaining one term, namely “corn”, is
specific to DFS. Considering that “corn” has an occurrence rate of 73% in class-10 and
much lower occurrence rate in the other classes, this term can be regarded as a
discriminative feature. Therefore, presence of this term in the top-10 list is quite

meaningful.

Table6ishere

To observe the generalized behavior of DFS, similarities and dissimilarities of top-
100 and top-500 features selected by DFS were analyzed for each dataset. Results of this
analysis are presented in Fig. 2-5. For instance, in Reuters dataset, 71% of top-500
features, which are selected by DFS, are common with the ones selected by CHI2
whereas the remaining 29% of the features are specific to DFS method. In general, while
DFS selected particular amount of similar features to the ones selected by CHI2 in

balanced dataset (Newsgroups), and by GI in imbalanced datasets (Reuters, SMS, and
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Enronl), it also selected completely distinct features with varying quantities in each
dataset.

Further analysis on the selected features revealed that GI and DP may include
some uninformative terms in their top-N lists. For instance, “subject” term occurs in all
documents of Newsgroups dataset that makes “subject” uninformative. However, this
term was present within the top-50 features selected by GI and DP. Nevertheless, this
term and other terms with similar characteristics were not available even in the top-500
features selected by DFS.

Fig. 2ishere
Fig. 3ishere
Fig. 4ishere

Fig. 5ishere

5.4. Accuracy Analysis

Varying numbers of the features, which are selected by each selection method,
were fed into DT, SVM, and NN classifiers. Resulting Micro-F1 and Macro-F1 scores are
listed in Table 7-10 for each dataset respectively where the highest scores are indicated in
bold. Considering the highest scores, DFS is either superior to all other methods or runner
up with just a slight difference. For instance, in Reuters dataset, the features selected by
DFS provided both the highest Micro-F1 and Macro-F1 scores using DT classifier.
Similarly, in Newsgroups dataset, the highest Micro-F1 and Macro-F1 scores were
obtained with SVM and NN classifiers that use the features selected by DFS. As another
example, in SMS dataset, both the highest Micro-F1 and Macro-F1 scores were attained

by DT and NN classifiers using the features that are selected by DFS, as well. Finally, in
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Enronl dataset, both the highest Micro-F1 and Macro-F1 scores were attained by all of

the three classifiers using the features that are selected by DFS.

Table7ishere
Table8ishere
Table9ishere

Table10ishere

5.5. Dimension Reduction Analysis

In addition to accuracy, dimension reduction rate is another important aspect of
feature selection. Therefore, an analysis for dimension reduction was also carried out
during the experiments. To compare the efficiency of DFS in terms of dimension

reduction rate together with the accuracy, a scoring scheme (Gunal & Edizkan, 2008)

that combines these two information was employed. This scheme favors better accuracy

at lower dimensions as given in

1 & dim
Score =— YR, 19
k ; dim, ' (19)

i

where N is the maximum feature size utilized, & is the number of trials, dim; is the feature

size at the ith trial and R; is the success rate of the ith trial. The result of dimension

reduction analysis using the described scoring scheme is presented in Table 11 where the

highest scores are indicated in bold. It is apparent from this table that DFS provides
comparable and even better performance with respect to the other methods most of the

time.
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Tablellishere

5.6. Timing Analysis

Algorithmic complexities of all feature selection methods considered in this study
were computed to be the same. Therefore, the processing time of DFS, rather than its
algorithmic complexity, was investigated and compared to the other methods. For this
purpose, the computation time of importance score for a single term was considered. The
measurements were taken on a computer equipped with Intel Core 17.1.6 GHz processor
and 6 GB of RAM. The results of the timing analysis, which are given in Table 12,

indicate that DFS is the fastest method among all.

Table12ishere

6. Conclusions

In this study, a novel filter based feature selection method, namely DFS, was
introduced for text classification research. DFS assesses the contributions of terms to the
class discrimination in a probabilistic approach and assigns certain importance scores to
them. Using different datasets, classification algorithms and success measures,
effectiveness of DFS was investigated and compared against well known filter
techniques. The results of a thorough experimental analysis clearly indicate that DFS
offers a considerably successful performance in terms of accuracy, dimension reduction
rate and processing time. Adaptation of DFS to the other pattern classification problems

remains as an interesting future work.
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Figure Captions

Fig. 1. A simple multi-layer feed-forward neural network.

Fig. 2. Reuters: Similarity of the features selected by DFS against the other methods.

Fig. 3. Newsgroups: Similarity of the features selected by DFS against the other methods.
Fig. 4. SMS: Similarity of the features selected by DFS against the other methods:.

Fig. 5. Enronl: Similarity of the features selected by DFS against the other methods.
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Table Captions

Table 1. Sample collection

Table 2. Reuters dataset

Table 3. Newsgroups dataset

Table 4. SMS dataset

Table 5. Enron1 dataset

Table 6. Top-10 features in (a) Reuters (b) Newsgroups (c) SMS (d) Enronl dataset
Table 7. Success measures (%) for Reuters dataset using (a) DT (b) SVM (c) NN
Table 8. Success measures (%) for Newsgroups dataset using (a) DT (b) SVM (c) NN
Table 9. Success measures (%) for SMS dataset using (a) DT (b) SVM (c) NN

Table 10. Success measures (%) for Enronl dataset using (a) DT (b) SVM (c) NN
Table 11. Performance scores in (a) Reuters (b) Newsgroups (c) SMS (d) Enronl dataset

Table 12. Timing analysis
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Fig. 3
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Fig. 4
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Fig. 5
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Table 1. Sample collection

Document Name  Content Class
Doc 1 cat Cl
Doc 2 cat dog C1
Doc 3 cat dog mouse C2
Doc 4 cat mouse C2
Doc 5 cat fish C3
Doc 6 cat fish mouse C3
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Table 2. Reuters dataset

No Class Label Training Samples Testing Samples
earn 2877 1087

acq 1650 719
money-fx 538 179
grain 433 149
crude 389 189
trade 369 117 \
interest 347 131
ship 197 89

wheat 212 71
corn 181 56 o

S0 000U A WN —
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Table 3. Newsgroups dataset

No Class Label Training Samples Testing Samples
1 alt.atheism 500 500
2 comp.graphics 500 500
3 comp.os.ms-windows.misc 500 500
4 comp.sys.ibm.pc.hardware 500 500
5 comp.sys.mac.hardware 500 500
6 comp.windows.x 500 500
7  misc.forsale 500 500
8 rec.autos 500 500
9 rec.motorcycles 500 500
10 rec.sport.baseball 500 500
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Table 4. SMS dataset

No Class Label Training Samples Testing Samples
1 Legitimate 1436 3391

2 Spam 238 509 &
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Table 5. Enronl dataset

No Class Label Training Samples Testing Samples
1 Legitimate 2448 1224

2 Spam 1000 500 &
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Table 6. Top-10 features in (a) Reuters (b) Newsgroups (¢c) SMS (d) Enronl dataset

No 1 2 3 4 5 6 7 8 9 10

CHI2 cts net shr qtr rev loss acquir profit note dividend

1G cts net wheat bank shr qtr tonn export trade agricultur

GI cts net shr wheat oil barrel qtr march rev crude

DP min dir cts loss net bank pct billion trade share

DFS cts wheat net oil shr tonn corn barrel qtr agricultur
(a)

No 1 2 3 4 5 6 7 8 9 10

CHI2 basebal forsal auto atheism motorcycl rec comp sport hardwar  sys

1G comp window  rec car dod misc sale refer apr hardwar

GI atheism basebal motorcycl forsal auto sport 0s mac ms graphic

DP window path id newsgroup date messag . subject organ line cantaloup

DFS atheism basebal motorcycl forsal auto sport 0s mac ms hardwar
(b)

No 1 2 3 4 5 6 7 8 9 10

CHI2 txt call free mobil servic text award box stop contact

1IG call txt free mobil WWW text claim servic award ur

GI call txt free WWW claim mobil prize text ur servic

DP txt call free mobil servic text award box contact  urgent

DFS txt free WWW claim mobil call prize guarante  uk servic
(c)

No 1 2 3 4 5 6 7 8 9 10

CHI2 http cc enron gas ect pm meter forward hpl WWW

1G cc gas ect pm meter http corp volum attach forward

GI subject enron cc hpl gas forward ect daren hou pm

DP ect hou enron meter deal subject gas pm cc corp

DFS enron cc hpl gas ect daren hou pm forward  meter

(d)
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Table 7. Success measures (%) for Reuters dataset using (a) DT (b) SVM (c) NN

Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 61.97 80.70 82.63 82.63 83.06 82.74 17.36 56.74 57.28 57.09 58.75 58.99
IG 69.61 81.34 83.03 82.89 83.21 82.81 3532 58.75 58.04 57.64 59.18:59.01
GI 67.74 81.63 81.84 83.21 81.88 82.74 27.61 5899 57.40 58.74 58.54 58.58
DP 68.35 79.26 81.27 81.70 82.38 82.42 37.13 5472 59.07 57.39-58.10. 58.15
DFS 70.15 82.78 82.63 82.92 83.10 83.28 3391 6125 58.40 58.65 59.22 59.42
(a)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 62.04 83.17 85.83 85.76 85.97 85.90 15.11. 5597 60.67 64.05 64.96 64.26
1G 69.72 83.57 85.68 86.33 86.01 85.86 3490 59.66 61.48 66.55 65.16 64.92
Gl 68.82 83.42 85.79 86.04 85.94 86.33 28.38 59.95 62.13 64.62 65.41 6591
DP 67.17 8199 8547 85.76 85.83 86.11 32.36 5543 61.26 64.48 66.04 65.47
DFS 70.11 84.18 85.72 86.04 85.90 85.79 32.12 61.39 62.55 64.68 65.98 64.93
(b)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 61.43 81.66 84.74 85.35 85.57 85.64 15.06 54.65 60.97 63.14 63.09 64.74
1G 68.68 81.34 83.0485.39 85.27 85.80 32.58 57.89 59.56 64.02 62.49 63.16
Gl 67.87 81.6484.28 8540 85.36 85.57 28.49 59.52 63.42 62.76 62.84 63.83
DP 65.86 79.52 84.03 85.62 85.78 85.68 26.80 52.49 59.93 64.37 63.73 63.51
DFS 69.26. 81.07 84.07 85.40 85.96 85.92 30.30 60.08 62.09 63.18 64.33 64.31
(c)
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Table 8. Success measures (%) for Newsgroups dataset using (a) DT (b) SVM (c) NN

Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 71.32 97.84 97.86 97.68 97.70 97.78 69.32 97.85 97.87 97.69 97.71 97.79
IG 78.38 97.80 97.78 97.70 97.72 97.62 78.37 97.81 97.79 97.71 97.73.97.63
GI 87.62 97.86 97.88 97.90 97.70 97.72 85.03 97.87 97.89 97.91 97.71 97.73
DP 22.56 97.62 97.58 97.74 97.74 97.64 15.83 97.63 97.59 97.75-97.75 97.65
DFS 88.10 97.84 97.76 97.76 97.80 97.78 86.04 97.85 97.77 97.77.97.81 97.79
(a)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 70.36 97.02 97.20 96.84 96.60 96.22 66.12 97.01 97.19 96.85 96.61 96.23
1G 78.40 97.24 97.14 96.14 95.88 96.32 76.89 97.23 97.14 96.15 95.89 96.32
Gl 87.96 97.20 96.84 97.04 96.14 96.28 85.41 97.19 96.83 97.05 96.15 96.28
DP 20.44 96.96 97.12 9590 95.20 95.50 10.64 96.95 97.12 9591 95.20 95.50
DFS 88.18 97.06 97.32 96.88 96.56 96.18 86.00 97.05 97.32 96.88 96.57 96.19
(b)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 67.13 96.12 96.42 96.9496.65 96.44 60.66 96.11 96.40 96.93 96.64 96.42
1G 68.79 94.60 95.75 95.76 96.40 96.16 66.42 94.55 95.74 95.75 96.39 96.15
Gl 86.52 95.72:°95.99.96.58 96.76 96.29 82.84 95.67 95.98 96.57 96.76 96.28
DP 20.29 9532 96.61 96.54 96.28 95.87 10.65 95.29 96.60 96.53 96.27 95.85
DFS 86.62° 96.00 96.36 96.98 96.68 96.42 83.06 95.96 96.35 96.97 96.67 96.41
(c)
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Table 9. Success measures (%) for SMS dataset using (a) DT (b) SVM (c) NN

Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 93.97 95.85 96.13 96.03 96.18 96.33 84.50 90.20 91.01 90.55 91.05 91.45
IG 94.67 96.23 96.36 96.18 96.13 96.23 86.89 91.23 91.49 90.91 90.94-91.21
GI 94.69 96.41 96.23 96.21 96.26 96.28 86.78 91.56 91.21 91.19 91.36 91.40
DP 93.80 95.77 96.13 96.05 96.18 96.33 83.89 89.98 91.01 90.72-91.05 91.45
DFS 94.41 96.49 96.00 96.23 96.26 96.33 85.81 91.77 90.53 91.26.91.33 91.48
(a)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 93.05 96.54 96.64 97.05 97.05 97.08 84.03. 91.84 92.07 93.11 93.14 93.17
1G 94.08 96.74 97.23 97.13 96.87 97.31 85:78 9223 93.56 93.20 92.57 93.68
Gl 94.00 96.82 97.26 97.33 97.15 97.41 85.56 92.51 93.67 93.83 93.37 94.00
DP 93.33 96.67 96.82 97.18 97.15 96.95 83.83 92.18 92.54 9342 93.35 92.84
DFS 94.18 96.95 96.90 97.18 97.05 97.44 85.92 9298 92.85 93.43 93.09 93.94
(b)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 94.19 96.37 96.70 97.33- 97.19 97.15 85.56 91.38 92.19 93.77 93.37 93.21
1G 94.50 96.65 97.15 97.08 97.02 97.12 86.57 92.09 93.36 93.10 92.91 93.10
Gl 94.50 96.82° 97.23-97.32 97.28 97.26 86.62 92.53 93.51 93.69 93.59 9347
DP 94.11 96.48 96.60 97.31 97.17 97.28 85.30 91.63 91.90 93.70 93.31 93.57
DFS 94.55°97.00 97.15 97.17 96.94 97.39 86.47 93.02 93.36 93.40 92.74 93.82
(c)
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Table 10. Success measures (%) for Enronl dataset using (a) DT (b) SVM (c) NN

Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 81.15 91.13 91.01 90.31 90.26 91.88 79.89 89.62 89.50 88.49 88.42 90.39
IG 78.48 89.62 90.55 90.08 90.43 89.50 76.90 87.88 88.86 88.16 88.5287.51
GI 80.97 90.08 90.84 91.30 91.13 91.07 79.70 88.32 88.93 89.53 89.39 89.33
DP 74.88 91.13 90.14 89.15 89.56 89.56 73.91 89.72 88.43 87.05 87.58 87.54
DFS 83.64 90.31 90.02 91.24 92.00 91.65 82.27 88.60 88.16 89.5490.42 90.02
(a)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 79.52 89.79 90.95 90.49 90.43 92.75 78.28 88.23 89.60 88.90 88.79 91.38
1G 78.89 88.34 91.18 92.00 91.59 92.58 77.34  86.58 89.80 90.61 90.07 91.25
Gl 80.63 89.79 89.50 91.36 91.71 91.76 79.34 88.20 87.67 89.86 90.04 90.09
DP 75.58 90.08 91.18 91.47 92.34 90.89 74.20 88.57 89.80 89.95 90.91 89.21
DFS 83.30 89.97 89.85 92.63 93.21 93.10 81.90 88.37 88.17 91.39 91.96 91.70
(b)
Micro-F1 Macro-F1
Feature Size 10 50 100 200 300 500 10 50 100 200 300 500
CHI2 79.91 90.75 91.37 91.37..91.25 91.96 78.66 89.38 90.05 89.90 89.78 90.44
1G 79.18 89.93 91.16-91.97 91.59 92.31 77.53 88.38 89.74 90.56 90.083 90.82
Gl 80.92 90.91-91.33.92.16 92.24 93.75 79.58 89.30 89.65 90.72 90.74 92.48
DP 75.87 90.99 91.85 91.89 92.38 92.04 7442 89.60 90.51 90.42 90.97 90.55
DFS 83.41 91.04 91.42 92.63 93.48 94.35 81.99 89.59 89.94 91.34 9227 93.19
(c)
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Table 11. Performance scores in (a) Reuters (b) Newsgroups (c) SMS (d) Enronl dataset

SVM DT NN
Micro-F1  Macro-F1 Micro-F1  Macro-F1 Micro-F1  Macro-F1
CHI2 801 325 791 337 792 322
IG 866 498 856 491 851 472
GI 858 444 840 427 845 444
DP 842 469 840 500 825 416
DFS 870 478 863 484 856 459
(a)
SVM DT NN
Micro-F1  Macro-F1 Micro-F1  Macro-F1 Micro-F1 Macro-F1
CHI2 912 877 923 906 883 829
IG 979 967 982 982 893 874
GI 1059 1038 1059 1037 1044 1013
DP 495 414 516 460 491 411
DFS 1061 1043 1063 1046 1045 1016
(b)
SVM DT NN
Micro-F1  Macro-F1 Micro-F1  Macro-F1 Micro-F1 Macro-F1
CHI2 1100 1010 1106 1009 1110 1023
IG 1110 1027 1112 1031 1113 1033
GI 1110 1026 1113 1030 1114 1035
DP 1103 1010 1104 1003 1109 1021
DFS 1111 1029 1110 1022 1114 1034
(c)
SVM DT NN
Micro-F1  Macro-F1 Micro-F1  Macro-F1 Micro-F1 Macro-F1
CHI2 966 951 982 966 972 957
IG 960 942 956 937 965 946
GI 975 959 979 963 982 965
DP 935 918 928 914 940 923
DFS 999 982 1001 984 1003 987
(d)
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Table 12. Timing analysis

CHI2 IG GI DP DFS
Computation time (sec) 0.0632 0.0693 0.0371 0.0797 0.0343 ‘
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